Short tandem repeats are highly polymorphic and associated with a wide range of phenotypic variation, some of which cause neurodegenerative disease in humans. With advances in high-throughput sequencing technologies, there are novel opportunities to study genetic variation. While available sequencing technologies and bioinformatics tools provide options for mining high-throughput sequencing data, their suitability for analysis of repeat variation is an open question, with tools for quantifying variability in repetitive sequence still in their infancy. We present here a comprehensive survey and empirical evaluation of current sequencing technologies and bioinformatics tools in all stages of an analysis pipeline. While there is not one optimal pipeline to suit all circumstances, we find that the choice of alignment and repeat genotyping tools greatly impacts the accuracy and efficiency by which short tandem repeat variation can be detected. We further note that to detect variation relevant to many repeat diseases, it is essential to choose technologies that offer either long read-lengths or paired-end sequencing, coupled with specific genotyping tools.
INTRODUCTION
Repetitive sequences are ubiquitous in most eukaryotic genomes. Among them, short tandem repeats (STRs), or microsatellites, are the class of repeat sequences that have repeat units of up to 6 bp directly adjacent to each other. The repetitive structures of STRs make them highly variable because of slippage during DNA replication and repair, resulting in alleles with different numbers of repeat units. STRs are generally more polymorphic than other kinds of variation such as sequence copy number and single-nucleotide polymorphisms [1] .
The length variability of STRs is associated with phenotypic variation in many species, exemplified by $40 genetic diseases in humans and a handful of disorders in other species [2] [3] [4] [5] [6] [7] [8] [9] . These disorders are commonly caused by repeat expansion. Expansions are found predominantly in tri-nucleotide repeats, but tetra-, penta-and hexa-nucleotide expansions have also been discovered [10] [11] [12] [13] . In normal conditions, these repeat tracts are stable and short (commonly 40-70 bp), but are unstable when their lengths reach 100-150 bases, to thousands of repeat units depending on disease, sequence and genomic context [3, 14] . Analysing the variation of STRs, and particularly long STRs, is an important step to understand their variability across individuals and the mechanisms that lead to their instability.
The advances of high-throughput sequencing (HTS) have generated enormous amounts of sequence data at low costs, providing an unprecedented opportunity to study genetic variation. Making STR variation calls from HTS data is challenging for three main reasons. First, the amplification of STR loci used by most sequencing technologies is also subject to slippage, creating copy number errors in read data. Second, the low information content of repetitive sequence reads makes it difficult to align them reliably [15, 16] . Finally, most methods require sequence reads to be substantially longer than the repeats to make reliable length variation calls. Because many biologically relevant repeat expansions extend beyond several hundreds if not thousands of bases, it is a serious compromise [17] .
The developments in sequencing technologies and bioinformatics tools in the past few years have renewed interests of STR variation detection from HTS data. Advances in sequencing allow the generation of longer reads, providing more information for the detection of length variation of STRs. New sophisticated alignment methods that are indel (insertion or deletion) tolerant have been developed, enabling more accurate alignment of reads in STR loci. Importantly, several tools [17] [18] [19] for STR genotyping have come out in the past year.
This article reviews the current sequencing technologies and bioinformatics tools in all stages of an STR variation detection pipeline. We examine the mechanisms of the most popular sequencing platforms and their characteristics in the context of STR analysis. We provide an overview of relevant bioinformatics methods for sequence read alignment and variant calling. Finally, we present our empirical assessment of the performance of these technologies and tools, and discuss their effectiveness for genotyping STRs.
SEQUENCING TECHNOLOGIES
We review representative sequencing technologies that can produce reads of at least 100 bp in length at high rates of yield because STRs generally contain a dozen or more repeat units and variant calling requires statistical support. In particular, we consider HiSeq (Illumina), FLX (Roche 454), PGM (Ion Torrent) and PacBio RS. Following the general description of each sequencing technology below, we discuss the specific characteristics of the instruments as relevant to the detection of STR variation (see Table 1 for a summary). Readers interested in more detailed and generally applicable comparisons of sequencing technologies are referred to several indepth reviews [20] [21] [22] [23] .
Roche 454 sequencing
Roche 454 sequencing [24] was the first secondgeneration technology to be commercially introduced. In this approach, the entire genome is randomly sheared to generate libraries of fragments. Each fragment is attached to a water droplet and then amplified in an oil solution. At each cycle during sequencing, a limited amount of a single type of nucleotide is introduced. The incorporation of the nucleotide complementing the next base in the template strand releases pyrophosphate that is detected by a charge-coupled camera. This technique to determine the order of bases in the fragment is known as 'pyrosequencing'. Of particular relevance to repetitive sequence, with pyrosequencing, multiple incorporation events occur at each cycle in homopolymers and hence the length of a homopolymer is determined by the intensity of the light, which is prone to more errors than the detection of nucleotide incorporation. As a result, errors are common in homopolymeric 454 sequencing data. Furthermore, 454 sequencing suffers from incomplete extension ('left over' nucleotides), which causes higher error rates towards the end of longer reads [24] .
The ability to generate relatively long reads makes 454 sequencing an attractive option for detecting STR variation; most models can generate an average read length of 400 bp. The recently released model (GS FLX Titanium XLþ) can deliver reads of up to 1000 bp (average 700 bp), the longest among the second-generation sequencing machines. However, the read lengths are variable: the parakeet genome project used GS FLX Titanium XLþ machine and Roche 454 Life Sciences reports that it produced $1.3 billion reads, with read lengths between 50 bp and 1000 bp and a mode of 793 bp. Each run of 454 sequencing takes about a day and yields up to 700 Mb. Roche states an error rate <0.01%, but an empirical assessment study [22] reported an error rate of 0.38% for the GS FLX model, where errors mostly involved indels. A majority of indel errors arose from over-and under-call in homopolymers.
Illumina (Solexa) sequencing
Illumina sequencing was the second technology to be commercialized and is currently dominating the market due to its high yields and low sequencing cost. In this sequencer, the DNA sample is fragmented and prepared based on fragment size. Because of this, Illumina fragment sizes can be made to follow a tight distribution. DNA fragments are then amplified to form clusters of clonal DNA. All reads from a run are the same length.
Unlike pyrosequencing, with Illumina technology, four types of nucleotides with differing cleavable fluorescent dyes are added at each cycle of sequencing. Only one nucleotide complementing the next base is incorporated at a cycle and is detected by capturing the resulting fluorescent signal, while the non-incorporated nucleotides are washed away. As the DNA chains are extended one nucleotide at a time, Illumina technology produces significantly fewer indel errors than 454 sequencing. As a sequencing-by-synthesis method like 454, Illumina sequencing produces more errors at the end of reads.
Although sequencing one base at a time is slow (an Illumina run takes 3-10 days compared with 10-24 h in pyrosequencing), it can be parallelized to allow high throughput (up to 600 Gb per run).
Illumina sequencing produces moderate read lengths. At present, Illumina sequencers are capable of producing paired-end reads of 2 Â 50, 2 Â 100 and 2 Â 150 bp, with the latest MiSeq kit producing paired sequence reads of up to 300 bp, at the expense of lower throughput.
Ion Torrent sequencing
Ion Torrent sequencing [25] was introduced in 2010. The technology is based on a chemical process by which a hydrogen ion is released when a nucleotide is incorporated into a strand of DNA by polymerase. It uses a high-density array of micromachine wells, each of which holds a different DNA template. The ion chip is flooded with one type of nucleotide at each cycle. When a new base is incorporated, a hydrogen ion is released. The charge from that ion changes the pH of the solution, which is detected by an ion sensor, not requiring imaging like 454 and Illumina. If multiple bases are incorporated as in a homopolymer run, the voltage is multiplied, meaning that the technology suffers from homopolymer length errors, much like 454.
Ion Torrent technology is independent of enzymatic reaction, fluorescence and camera sensing, resulting in cheaper and smaller instrument size [21] . It also requires shorter preparation time (6 h) and running time (2 h) than the aforementioned technologies, while generating higher throughput (1 Gb per run on the 318 chip). Ion Torrent also offers the advantage of relatively long reads (200 bp). Although Ion Torrent's error rates are higher than Illumina's (in terms of substitution errors) and 454 (in terms of indel errors) [22] , its read quality is more stable by not decreasing towards the end of the read [21] .
PacBio sequencing
Pacific Biosciences introduced single-molecule, real-time sequencing in 2009 [26, 27] and commercialized sequencing instruments in early 2011. The technology is generally considered a third-generation sequencing technology because they do not require polymerase chain reaction (PCR) before sequencing. Instead, the DNA sequence is determined directly from a single molecule in real time. Not only does this feature allow shorter sequencing time, it is also attractive to STR analysis because it reduces the CG bias and DNA slippage introduced by PCR-based amplification.
A PacBio chip contains up to 150 000 zero-mode waveguides, each of which houses a molecule of single-stranded DNA template and a DNA polymerase. Nucleotides attached with four corresponding fluorescent dye molecules are then introduced, as the DNA polymerase performs DNA synthesis naturally. Once a nucleotide is incorporated, the fluorescent dye is cleaved off and detected with a camera. PacBio sequencers can provide two types of reads: continuous long reads with high error rates (12%) and shorter circular consensus sequencing (CCS) reads with lower error rates (2%).
BIOINFORMATICS TOOLS Read alignment
Once sequence reads have been generated, the following step in a pipeline is typically alignment where reads are mapped to a reference genome sequence. To date, >80 read aligners have been developed. A comprehensive list of these read alignment tools can be found in [28] and the accompanying web site (http://wwwdev.ebi.ac.uk/fg/htsmappers/). Indepth reviews and general (not repeat-focused) comparisons of read aligners are found in [29] [30] [31] .
STR variant calling
After the mapping of reads, the next step is calling variants from the alignment. In contrast to the large number of read alignment methods available, there are only three tools that have been designed specifically for detection of STR variation from HTS data, namely, lobSTR [18] , RepeatSeq [19] and STRViper [17] . As STR variation is a special case of indel, generic indel calling tools such as Dindel [32] , SAMtools mpileup [33] and GATK [34] can be used to analyse STR variation. Here, we extend our review to include these methods.
Methods for indel detection from HTS data typically use one of three signatures, namely, depth of coverage, split reads and paired-end mapping [35] . The depth of coverage-based approaches (such as CNV-seq [36] , the pipeline in [37] and BIC-seq [38] ) assume a uniform coverage of reads across the genome and expect a deletion (or an insertion) at a location to result in a decrease (or an increase) in the numbers of reads mapped to that location.
These approaches are adversely influenced by the over-or under-sampling caused by the sequencing bias from current PCR-based technologies. The depth of coverage signature is only significantly strong for large indels (size of !50 bp) [35] , which is beyond moderate STR variation. In repetitive regions, the same read can sometimes be aligned to multiple locations, which further complicates the calculation of coverage. Because of the sensitivity trade-offs implied above, the depth of coverage signature is not suitable for STR variation detection.
The split reads signature is used in SAMtools [33] , Dindel [32] , lobSTR [18] and RepeatSeq [19] . These methods identify variation directly from the differences between a read sequence and the reference sequence. Therefore, they are sensitive for detection of novel indels but are limited to short STRs, as they require reads longer than the STR in question. Furthermore, these approaches rely on the mapping of reads containing indels, which is often unreliable in repetitive regions. Longer paired-end reads may overlap in the same fragment and could be used to almost double the effective read length. This could present significant advantages to the split reads signature, once technology and supporting software improve.
Methods using the third signature paired-end mapping include MoDIL [39] , BreakDancer [40] and STRViper [17] . They identify indels from deviation in size of fragments spanning a repeat. The main advantage of these methods are that they do not require reads to be longer than repeats and reads from two ends of a fragment are not necessarily repetitive and hence can be more reliably aligned. However, these methods generally require high coverage sequencing (!40-fold) and a tight distribution of fragment sizes to make reliable predictions of short indels [17] .
EVALUATION METHODOLOGY
In this section, we present our experiments to evaluate the performance of each sequencing technology and each bioinformatics tool at every stage of an analysis pipeline. We focus on technologies and tools that allow the analysis of long repeats (i.e. !50 bp) to enable the evaluation of the variability of repeats that are of a size known to cause disease [3, 14] . In our evaluation, we first artificially introduced STR variants into a real genome. Next, we simulated the sequencing of the genome with differing sequencing technologies. We then applied read aligners to the read data and evaluated the performance of these methods with a focus on the alignment of repetitive reads. We finally evaluated variant-calling methods on the alignments obtained. Our evaluation framework is depicted in Figure 1 .
We used the genome of the model organism Arabidopsis thaliana strain Col-0 (TAIR10) as a reference sequence throughout our evaluation. We implanted single-nucleotide polymorphisms and indels of the genome of A. thaliana strain Ler-0 detected by a deep-sequencing project [41] to create a donor genome. Using TRF [42] , we identified 3685 STRs (unit size ranging from 2 to 6 bp) in the reference genome. We observed that one-third of the STRs are longer than 50 bp, a length at which instabilities are known across different species [43] . We applied SERV [44] to predict the variability of each STR and incorporated these predictions into the donor genome as if they were real. This process produced a simulated Ler-0 genome, for which we can quantify the correctness of both alignment outputs and variation estimates, produced by the reviewed tools.
As available STR variation detection methods use either split read (lobSTR [18] , RepeatSeq [19] , SAMtools [33] and Dindel [32] ) or paired-end (STRViper [17] ) information, we selected sequencing technologies that support relatively long reads or tight fragment size distributions. We chose 454, Ion Torrent and PacBio for their ability to generate long reads and Illumina for the size selection during sequencing, which allows the generation of a tight fragment size distribution. In attempting to use the most realistic read data, we used sequencing simulation programs with parameters derived from sequencing projects. Illumina and 454 reads were simulated using Art [45] , a program that uses error models derived empirically from the 1000 Genomes Project; Ion Torrent reads were simulated using dwgsim, which is based on wgsim in SAMtools [33] and used successfully [30, 31] ; PacBio reads were simulated with pbsim [46] , which is claimed to produce read lengths, errors and quality scores based on real PacBio data. For each simulation program, we used the default profiles for the intended technologies (see Table 2 ).
We generated a single-end library for each of 454, Ion Torrent and PacBio technologies. (We also simulated PacBio reads with CLR profile, resulting in a library with an average read length of 3000 bp and error rate of 12%. All alignment and variantcalling methods presented here performed poorly on this library, and hence are not included in the discussion.) While 454 and Ion Torrent can produce paired-end reads, the fragment size distributions they produce are broad. For Illumina, we generated a 2 Â 100-bp library (named Illumina-100) as well as a 2 Â 50-bp library (Illumina-50) to assess the performance of variation detection with paired-end information. The characteristics of the read data are provided in Table 2 .
As alignment quality influences the accuracy of variant calling, we first evaluated the performance of alignment tools. We focused on reads mapped in the vicinity of STR regions, as only these reads are informative for STR variant calling. Apart from the alignment module provided internally by lobSTR, we chose BWA [47] (for Illumina 50), BWA-SW [48] (for longer reads), Bowtie2 [49] , Novoalign (http://novocraft.com), Stampy [50] , SSAHA2 [51] , SMALT (http://www.sanger.ac.uk/ resources/software/smalt/) and CUSHAW [52] . For each program, we used the recommended parameters for the corresponding technology, as described in each tool's documentation. Reads may map ambiguously to the reference sequence in particular when it is repetitive. By using default settings, our comparison is indifferent to how aligners and variant callers use this information, but this is a potential source for explaining variation. We explored other parameter options with the aim of fine-tuning the aligner's ability to perform well, with limited effect. We compared the alignments produced by these programs with the 'true' alignments known from the read simulation programs.
In the final step, we evaluated the performance of variant-calling tools using the alignments. Specifically, we applied RepeatSeq, SAMtools, Dindel and VarScan to the alignments by the mentioned alignment tools.(We do not include GATK [34] in this evaluation because it is specific to human data.) As STRViper only works with paired-end reads, it was tested only on the two Illumina libraries. lobSTR made variant calls directly from its own alignment module, which uses a variation of BWA. The STR variants detected by these methods were compared with those simulated, to determine the accuracies of each combination of tools. To not favour tools with which we have more experience (STRViper was developed by our group), we used the default parameter settings for all variant-calling tools, in the absence of any specific and applicable instruction in each tool's documentation.
RESULTS AND DISCUSSION Read alignment
We evaluated the accuracy of read aligners on mapping of reads that span an STR, hereafter referred to as STR-containing reads. We used precision, the fraction of reads aligned to a position that covers an STR that is correctly aligned, and recall, the fraction of STR-containing reads that is correctly aligned. Specifically, precision is defined as TP/ (TP þ FP) and recall as TP/(TP þ FN). We considered true positives (TP), false positives (FP) and false negatives (FN).
In determining TP, FP and FN for evaluating alignment of STR-containing reads, we calculate TP and FP from reads that are aligned to a specific STR region on the reference genome (correctly and incorrectly, respectively), and FN from reads that should have been aligned to an STR region but are not. We considered a read to be correctly aligned (TP) if it is aligned within 20 bp of the simulated position-a relaxed condition used in an earlier evaluation work [30] . The overall accuracy of an alignment method is evaluated by the F-score, which is the harmonic mean of precision and recall:
We measured precision, recall and F-score for all alignment methods on the sets of STR-containing reads and on all reads except for lobSTR, which attempts to align only STR-containing reads. We also recorded the running times of each alignment method. Although these could be run in parallel, we chose to run them in single CPUs to measure computational requirements of these methods. Multithreaded methods are expected to speed up by at most the number of CPUs used.
The precision, recall, F-score and running times of alignment methods are presented in Table 3 . Generally, Stampy was consistently among the top performers on all sequencing data sets and in both STR-containing reads and all reads. Specifically, its F-score was !0.940 in all data sets, except for STRcontaining reads in the Illumina-50 data set. However, it took the longest time to run. Stampy (20) 250 (20)^1 also tended to run longer on long read data sets (454, Ion Torrent and PacBio). Bowtie2, on the other hand, was the fastest on most data sets, at an order of 10 times faster than Stampy. Nevertheless, it performed comparably with Stampy on longer read technologies (454, Ion Torrent and PacBio). Novoalign was accurate for Illumina reads but not for other technologies.
Variant calling
To evaluate the performance of each variant-calling pipeline, we also measured precision (the fraction of variant calls that are correct) and recall (the fraction of actual variants that are reported) and reported the F-score. The results for all pipelines are presented in Figure 2 . To optimize variant-calling running times, we filtered out reads that are not within a 120-bp window (Dindel attempts to realign reads within a 120-bp window) of an STR. We found that doing so did not affect the accuracy of variation detection, whereas it significantly reduced analysis times. Because longer STRs are biologically significant, we repeated the analysis for STRs that are 50 bp or longer (see Figure 3) . We observed that read length is critical for variation detection accuracy with split reads approaches (RepeatSeq, SAMtools, VarScan and Dindel). These methods were significantly better at 454 and Ion Torrent, compared with Illumina data. These methods require reads encompassing the repeat regions and align-friendly flanks. Reads sequenced by 454, Ion Torrent and PacBio span more STRs than Illumina reads.
For paired-end Illumina data, we found STRViper was the most accurate method. STRViper uses a Bayesian approach to combine information about repeat length from the more reliable alignment of the paired ends, with the expected fragment length. It depends largely on the tightness of fragment size distribution [17] . Here, we found that with fragment size standard deviation of 20 (or less), STRViper performed significantly better than others on Illumina data and comparably with other pipelines on longer read data (454, Ion Torrent and PacBio). With the low cost and high yield of Illumina sequencing and the computational efficiency of STRViper, we suggest this is the pipeline of choice for repeat variation detection. We attribute the shortcoming of split reads methods on Illumina data sets to the limitation of read length: reads of only 100 bp can be used to confidently predict variation of shorter repeats. We expect that the latest Illumina MiSeq instrument will significantly improve repeat variation detection. It produces reads of up to 300 bp, providing additional information to detect variants within reads, and not only in fragments, and also between paired reads. Without a simulation for MiSeq at this specification, we speculate that all variant caller methods will improve as a result, and that the advantage of paired-end-based methods will diminish.
Dindel and SAMtools are among the best performers on 454 and Ion Torrent data, especially when used with an effective alignment method such as Novoalign and Stampy. However, we note the poor performance as well as the long running times of Dindel on PacBio data. As Dindel was designed for Illumina, we suggest that it needs to be adapted for PacBio sequencing data. Generally, running Dindel was the most computationally intensive step in a pipeline, especially for technologies other than Illumina: it took >32 CPU days and 49 CPU days for 454 and Ion Torrent data sets, respectively, to process the 166-Mb genome sequence (see Table 4 ).
We found that alignment quality largely influences the performance of variant-calling pipelines. In most cases, alignments from Stampy, followed by Novoalign, Bowtie2 and BWA, resulted in the most accurate variant calls. However, there are exceptions such as VarScan, which performed poorly when combined with Stampy. With alignments from BWA and Bowtie2, VarScan performed more accurately.
In general, the pipeline combining Dindel and Stampy was the most accurate for 454 and Ion Torrent data. However, both Dindel and Stampy were computationally expensive. Novoalign and BWA provided a compromise to Stampy with significantly shorter running times. For variant calling, SAMtools was a versatile alternative to Dindel. We found SAMtools combined with Novoalign, Bowtie2 or BWA yielded accuracies close to that of Dindel and Stampy, while running much faster. unning times for lobSTR include the built-in alignment process. For others, the times reported are the average of running times on the seven alignments, excluding alignment times.
To survey a broad range of tools and quantify their accuracies, in this study we used simulated data. To get a glimpse of how reported accuracies translate for real sequencing data, we refer to [17] , which reports on the experimental validation of variant calls by lobSTR, RepeatSeq, SAMtools, Dindel and STRViper for a subset of 58 STRs in A. thaliana, from Illumina paired-end short reads. This limited validation is in broad agreement with simulated tests discussed herein and shown in Figures 2 and  3 . It offers support to the use of STRViper on paired-end data.
CONCLUSIONS
We have presented a survey of HTS technologies and bioinformatics tools for analysis of STR variation. Specifically, we examined sequencing platforms with regards to repeat variation detection. We reviewed read alignment and variant-calling methods-the two main steps in an analysis pipeline for genotyping repeat tracts. Our empirical evaluation gives clear guidance as to what sequencing technologies and bioinformatics tools are most suited to a range of scenarios.
STRs are associated with instability disorders, whereby repeat tracts progressively increase in length over generations. Repeat instability appears to increase with length and sequence purity, and the number of repeat units can vary widely. To detect and genotype such sequences with high accuracy, we found that it is essential to use technologies that can provide long read-lengths and/or paired-end sequencing with a tight fragment length distribution.
For alignment, Stampy was the most accurate with regards to mapping repetitive reads; however, Novoalign, Bowtie2 and BWA provided versatile alternatives with much shorter running times. We found STRViper was particularly effective at using and exploiting paired-end information, whereas Dindel and SAMtools were the most accurate methods to make repeat variant calls from long read data sets.
For researchers with options to select both technology and tools, our evaluation suggests that pairedend Illumina sequencing, with high coverage, but perhaps more importantly, tight fragment length distribution, should be preferred. These data can then be aligned using Stampy, if computational time is of less concern, and then analysed with STRViper.
In this setting, for longer STRs (!50 bp), STRViper is clearly superior to all other variant callers.
For researchers who are tied to a particular technology, the options vary with sequence read lengths and the detailed results in this survey should be consulted. For researchers who wish to integrate repeat genotyping as part of an existing pipeline, we also advise to take note of computational requirementsthey vary widely. However, it needs to be emphasized that tools such as Dindel are useful for indel calling and not only repeat length variation.
Key Points
This article provides a comprehensive review and assessment of sequencing technologies and bioinformatics tools for the analysis of STR variation. To detect STRs at lengths of known repeat expansions and liable to instability, longer sequence read-lengths or paired-end sequencing are required. While some of the best combinations of alignment and repeat genotyping tools are slow, we identify efficient pipelines with only minor compromises in accuracy.
